Clemson University

TigerPrints
All Theses

Theses

5-2018

Use of Image Analysis as a Tool for Evaluating
Various Construction Materials
Venkat Sai Kumar Kothala
Clemson University, venkatkothala@gmail.com

Follow this and additional works at: https://tigerprints.clemson.edu/all_theses
Recommended Citation
Kothala, Venkat Sai Kumar, "Use of Image Analysis as a Tool for Evaluating Various Construction Materials" (2018). All Theses. 2855.
https://tigerprints.clemson.edu/all_theses/2855

This Thesis is brought to you for free and open access by the Theses at TigerPrints. It has been accepted for inclusion in All Theses by an authorized
administrator of TigerPrints. For more information, please contact kokeefe@clemson.edu.

USE OF IMAGE ANALYSIS AS A TOOL FOR EVALUATING VARIOUS
CONSTRUCTION MATERIALS

A Thesis
Presented to
the Graduate School of
Clemson University

In Partial Fulfillment
of the Requirements for the Degree
Master of Science
Civil Engineering

by
Venkat Sai Kumar Kothala
May 2018

Accepted by:
Dr. Bradley J Putman, Committee Chair
Dr. Prasad Rao Rangaraju
Dr. Amir Poursaee

ABSTRACT

Characterization of internal structure is necessary to understand the behavior of
construction materials under different conditions. Image analysis possesses the
technological advantages to better understand construction materials and it also provides
information that can help to improve the properties of various construction materials. The
purpose of this study was to evaluate the internal structure of various construction
materials using image analysis and investigate the infiltration in porous friction course
mixtures using thermal image analysis.
Automated image processing algorithms were developed to determine the a) longterm binder draindown in asphalt mixtures over time, b) roughness of asphalt mixtures, c)
fiber distribution in ultra-high performance concrete mixtures, and d) amount of
unreacted ground glass fiber (GGF) particles in geopolymers. Although, the image
analysis results did not compare numerically with measured results in the first two studies
(a and b), the accuracy can be improved through calibration. In the other two studies (c
and d), image analysis provided accurate measurements of the desired information, which
can be used to help alter the composition of the materials to improve the performance.
Results also helped to analyze the internal structure thus improving the ability to
understand the behavior of construction materials.
To simulate and monitor difficult to detect observations in full scale, a study was
also conducted on pervious concrete friction course mixtures to evaluate infiltration and
lateral internal flow of water using thermal image analysis. The internal spread of
infiltrated water was detected using thermal image analysis and the effect of slope and
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thickness on infiltration was analyzed based on various parameters. Results were shown
to be repeatable and enhanced the importance of using this non-destructive, cost effective
and a time efficient approach.
Key Words:
Air void, Aggregate, Asphalt, Asphalt Binder, Cement paste, Digital imaging, Full-scale,
Ground glass fiber, Geopolymers, Internal structure, Image analysis, Infiltration, Porous
friction course mixtures, Slope, Scanning electron microscopy, Thermal imaging, Ultrahigh-performance concrete, X-ray computed tomography,

iii

DEDICATION

I dedicate this to my parents, Mrs. Pushpalatha Kothala and Mr. Varaprasad Kothala
whose kindness, unconditional love and humble ways have taught me the right approach
in life and will always be a constant source of inspiration to me. I am truly thankful to
them for their constant support and care in moulding me into who I am today.

iv

ACKNOWLEDGMENTS

I want to express my utmost respect and heartfelt gratitude to my advisor. Dr.
Bradley J Putman for his supervision, guidance, financial support and encouragement
throughout my research work.
A sincere thank you to my committee members, Dr. Prasad Rangaraju and Dr.
Amir Poursaee for offering their valuable opinions and encouragements.
I would also like to extend my gratitude to Trent Dellinger for his professional
advice and helping me with the entire test setup.
The greatest appreciation to my research team members, Behrooz Danish, Jared
Hanna, Kimberly Lyons, Srinivasan Nagarajan and Hassan Rashidi for their assistance.
Finally, I would like to express my deepest respect to my family, Reena, Harish
and Disha for their continuous inspiration and sacrifices throughout my life.

v

TABLE OF CONTENTS

Page
TITLE PAGE .................................................................................................................... i
ABSTRACT ..................................................................................................................... ii
DEDICATION ................................................................................................................ iv
ACKNOWLEDGMENTS ............................................................................................... v
LIST OF TABLES ........................................................................................................viii
LIST OF FIGURES ........................................................................................................ ix
CHAPTER
I.

INTRODUCTION ......................................................................................... 1
Background .............................................................................................. 1
Research Objectives and Scope ............................................................... 2
Organization of Thesis ............................................................................. 3

II.

LITERATURE REVIEW .............................................................................. 4
Applications of Image Analysis in Construction Materials ..................... 4
Image Acquisition Methods ..................................................................... 9
Adaptive K-means Clustering Segmentation ......................................... 12
Simulation and Monitoring of Materials in Full Scale Setup ................ 14

III.

IMAGE ANALYSIS .................................................................................... 16
Introduction to Image Analysis .............................................................. 16
Evaluation of Long Term Binder Draindown in Asphalt Mixtures ....... 18
Determination of Roughness of Asphalt Mixtures ................................ 23
Distribution of Fibers in Concrete Cores ............................................... 26
Quantification of Ground Glass Fibers in Geopolymers ....................... 29

IV.

INFILTRATION OF PERVIOUS CONCRETE FRICTION COURSE..... 32
Purpose................................................................................................... 32
Materials and Test Setup ........................................................................ 32

vi

Table of Contents (Continued)
Page
Single Ring Infiltration Test .................................................................. 36
Thermal Image Analysis ........................................................................ 36
V.

RESULTS AND DISCUSSIONS ................................................................ 42
Infiltration Test Results.......................................................................... 42
Results of Thermal Image Analysis ....................................................... 46

VI.

SUMMARY, CONCLUSIONS AND RECOMMENDATIONS................ 54

APPENDICES ............................................................................................................... 58
A:
B:
C:

Results of thermal image analysis................................................................ 59
Thermal images of test specimens ............................................................... 64
MATLAB codes used for image analysis .................................................... 67

REFERENCES .............................................................................................................. 71

vii

LIST OF TABLES

Table

Page

4.1

Gradation of Aggregates (Liberty, SC) ........................................................ 33

4.2

Mix proportions of the test specimens ......................................................... 34

5.1

Results of infiltration test on test specimen 1 .............................................. 42

5.2

Results of infiltration test on test specimen 2 .............................................. 44

5.3

Results of infiltration test on test specimen 3 .............................................. 44

5.4

Thermal image analysis results of specimen 3 at 0% slope ......................... 47

A-1

Thermal image analysis results of specimen 3 at 2% slope - Test 1............ 59

A-2

Thermal image analysis results of specimen 3 at 2% slope - Test 2............ 60

A-3

Thermal image analysis results of specimen 3 at 2% slope - Test 3............ 61

A-4

Thermal image analysis results of specimen 3 at 4% slope ......................... 62

A-5

Thermal image analysis results of specimen 3 at 8% slope ......................... 63

viii

LIST OF FIGURES

Figure
2.1

Page
Concrete core samples (length differences are due to
uneven pavement thickness) used for strength evaluation ................... 4

2.2

Image analysis of pervious core A-3 (porosity = 7.4%) ................................ 5

2.3

Porosity of nine concrete samples with respect to core
depth evaluated using image analysis of sliced ones ........................... 5

2.4

Image enhancement with image processing techniques ................................ 6

2.5

Combination of two images resulting in an image in
which lines represent binder thickness ................................................ 6

2.6

Sample preparation and capture of high resolution images by SEM ............. 7

2.7

SEM images at different magnifications........................................................ 7

2.8

a) Horizontal X-ray Tomography image of asphalt specimen
b) Thresholded image to isolate air voids ............................................ 8

2.9

Air void size distribution with depth for different compaction efforts .......... 8

2.10

Process of Digital Image Acquisition ............................................................ 9

2.11

Components of X-ray computed tomography.............................................. 10

2.12

Electromagnetic spectrum with wavelength and frequencies ...................... 12

2.13

Experimental apparatus used for particulate rate clogging studies .............. 15

2.14

Full-Scale variable-slope experimental test rig............................................ 15

3.1

Basic steps of image analysis ....................................................................... 16

3.2

Specimens were cut into four quarters and two halves ................................ 18

ix

List of Figures (Continued)
Figure
3.3

Page
Digital images of a) cut face of a quarter and
b) cut face of a half specimen ............................................................ 19

3.4

MATLAB Interface ..................................................................................... 19

3.5

Binary image of region of interest ............................................................... 20

3.6

a) Preferred ROI b) Cropped image of ROI................................................. 20

3.7

Segmented images of a) air voids, b) aggregates, and c) binder.................. 21

3.8

a) Image divided into 4 slices and b) percentage of binder in each section . 21

3.9

Binder content a) measured by ignition oven and
b) estimated by image analysis .......................................................... 21

3.10

Comparison of binder draindown before and after aging
the specimens for 28 days .................................................................. 22

3.11

Experimental setup for image acquisition.................................................... 23

3.12

Image stacking in Helicon Focus ................................................................. 24

3.13

Stacked image and selected ROI in ImageJ ................................................. 24

3.14

Duplicate ROI image ................................................................................... 25

3.15

Result box with roughness value (Ra) ......................................................... 25

3.16

Mean Texture Depth vs Roughness (Ra) ..................................................... 26

3.17

X-ray CT scan images of a concrete specimen ............................................ 27

3.18

Distribution of Air voids, cement and fibers ............................................... 28

3.19

SEM image for geopolymer at 500x magnification ..................................... 29

x

List of Figures (Continued)
Figure

Page

3.20

Region of interest image .............................................................................. 30

3.21

Segmented outputs of unreacted GGF ......................................................... 30

3.22

Image analysis results a) GGF-0-10 b) GGF-1-10 ...................................... 31

4.1

a) Finished wood form and b) Application of water sealant. ....................... 33

4.2

Measured quantities of materials and concrete mixer.................................. 34

4.3

a) Mix placed onto the form; b) Hand compacting and screeding
off the material; and c) Cut made on one edge for drainage .............. 35

4.4

a) Hydraulic jack used to achieve desired slope and b) Camera stand ........ 35

4.5

Thermal image with water (dark orange) from the prior
test in the background ........................................................................ 37

4.6

a) Conditioning the entire pavement before successive tests;
b) Thermal image of pavement after conditioning ............................ 37

4.7

Thermal images acquired after the conditioning of
pavement taken at 10 second intervals while performing the test ..... 38

4.8

Original image (left) and grayscale image (right) ........................................ 38

4.9

Binary image of ring (left) and Region of interest (right) ........................... 39

4.10

Binary image of detected internal spread of water ...................................... 40

4.11

Boundary of the internal spread of water (green border) ............................. 40

5.1

Infiltration test results on specimen 1 with varied slope.............................. 43

5.2

Infiltration test results on specimen 2 with varied slope.............................. 44

xi

List of Figures (Continued)
Figure

Page

5.3

Infiltration test results on test specimen 3 with varied slope ....................... 45

5.4

Influence of thickness on infiltration rates................................................... 46

5.5

Results of specimen 3 after 30 seconds a) 0% slope
b) 4% slope c) 8% slope..................................................................... 46

5.6

Results of specimen 3 after 240 seconds a) 0% slope
b) 4% slope c) 8% slope..................................................................... 47

5.7

Repeatability of a) Horizontal spread b) Vertical spread c) Area of spread 48

5.8

Effect of slope on vertical spread of infiltrated water in specimen 3 .......... 49

5.9

Effect of slope on horizontal spread of infiltrated water in specimen 3 ...... 50

5.10

Effect of slope on area of spread on infiltrated water in specimen 3 ........... 51

5.11

Effect of slope on ratio of vertical to horizontal spread in specimen 3 ....... 52

5.12

Effect of thickness on area of spread at a) 0% slope
b) 4% slope c) 8% slope..................................................................... 53

B-1

Thermal images of specimen 1 a) 0% slope b) 4% slope c) 8% slope ........ 64

B-2

Thermal images of specimen 2 a) 0% slope b) 4% slope c) 8% slope ........ 65

B-3

Thermal images of specimen 3 a) 0% slope b) 4% slope c) 8% slope ........ 66

xii

CHAPTER ONE
INTRODUCTION
Background
Over the last two decades, the applications for digital image analysis in the
domain of civil engineering have significantly increased. The development of these
advanced tools that utilize image data to assist the design, construction and maintenance
of various construction projects has been enabled by the capability to automatically
identify the shape, size, distribution and texture of materials.
For example, image processing techniques are being utilized to detect the type
and amount of surface cracks in pavements (Abdel-Qader et al, 2003), to detect the
internal structure of asphalt concrete (Aydilek et al, 2002), to measure the shapes and
sizes of aggregates (Garboczi, 2002) and to evaluate the segregation of asphalt mixes
(Mohamadtaqi Baqersad et al, 2017). Consequently, the rate of image analysis use is
rapidly increasing. Especially, during the maintenance phase, image analysis assists in:
1. identifying the differences between the design and the actual structure,
2. automatically detecting and recognizing damage (on pavements, walls,
structural members, etc.) and
3. resolving disputes (when utilized as evidence).
The relationship between microstructure and property of a material has become
more important through the development in microstructural investigations due to current
experimental techniques. These investigations allow for the capacity to define the internal
properties of construction materials. Characterization of internal structure is necessary to
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understand the behavior of construction materials under different conditions. These
technological advantages in the understanding of materials, as well as in computational
capabilities have led to improved properties of various materials.
Several studies have been conducted to evaluate various construction materials at
different scales of observations using traditional laboratory and field tests. Several
innovative image-based techniques have been developed to overcome the limitations of
these traditional measuring methods. However, there are limitations due to variability that
can be improved. Hence, there is a good scope of using image analysis to evaluate
various construction materials and improve the performance. This thesis presents
applications where image analysis was used to investigate construction materials using
distinct approaches of image acquisition and quantification.
Research Objectives and Scope
The primary objective of this study was to use image analysis as a tool for
evaluating various construction materials. To achieve this, specific image processing
algorithms were developed to evaluate the following:
1. Long-term binder draindown in asphalt mixtures
2. Roughness of asphalt surfaces
3. Distribution of fibers in concrete mixtures
4. Ground Glass Fiber in geopolymers
In order to simulate and monitor these kinds of observations in full scale, a study
was also conducted on pervious concrete friction course mixtures to evaluate infiltration
and lateral internal flow of water using thermal image analysis.
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Organization of Thesis
This thesis is organized into six chapters. The first chapter presents an
introduction to the research topic with background information and objectives. The
second chapter includes an extensive literature review on previous projects that used
image analysis to evaluate materials, various image acquisition methods, effective
segmentation techniques and monitoring materials in full-scale projects. The third chapter
presents an introduction to image processing and step-wise algorithms for various
applications to detect and quantify the properties of construction materials using different
image acquisitions methods. The fourth chapter presents an overview of a research study
conducted to investigate infiltration of pervious concrete friction course mixtures using
thermal image analysis. It also includes the materials, experimental setup, test methods
and a step-wise algorithm developed to analyze the lateral flow of infiltrated water under
different conditions using thermal images. The fifth chapter presents the test results of
infiltration, results of thermal image analysis and discussions. The sixth chapter includes
conclusions gathered from analysis of results while providing recommendations for
application and future research.
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CHAPTER TWO
LITERATURE REVIEW
Applications of Image Analysis in Analyzing Various Materials
It is necessary for pervious pavements to retain their porosity and high infiltration
rates to continue to meet the storm water management goals for which they were
designed. In addition to the total porosity, the interconnectivity of the pores plays a
significant role as it is directly related to the infiltration rate. A research study was
conducted by Radlinska et al. (2012) in Pennsylvania and a total of 28 core samples were
taken from nine distinct locations throughout the site (Figure 2.1).

Figure 2.1: Concrete core samples used for compressive strength evaluation. Note
that the length differences are due to uneven pavement thickness (Radlinska 2012)
After the samples were prepared, a digital image was taken of each face (Figure
2.2(b)). These images were then processed using Adobe Photoshop software and all large
pores visible in the image were manually filled with black color to distinguish between
dark aggregate particles and pores (Figure 2.2 (c)). The image was converted to a binary
image (Figure 2.2(d)), and the area occupied by the pores was calculated as a percentage
of the total sample cross-sectional area (Figure 2.3).
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Figure 2.2: Image analysis of pervious core A-3 (porosity = 7.4%) (Radlinska 2012)

Figure 2.3: Porosity of nine concrete samples with respect to core depth evaluated using
image analysis of sliced ones (Radlinska 2012)
Field infiltration tests were performed on the pervious concrete within 10 cm of
where the cores were obtained, and results were consistent with the porosity values
measured (Figure 2.3) and indicate evidence of clogging at the site.

Another research study was conducted by Elseifi (2008) to investigate the concept
of asphalt binder film thickness experimentally based on measurements obtained by
image analysis techniques and scanning electron microscopy. In this study, a Pixera
visual communication suite, which consists of a high-resolution digital camera and a
program that displays a live image was used to acquire the images. An image-processing
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and analysis software (Image-Pro Plus) was then used for processing and analysis of the
captured picture (Figure 2.4).

Figure 2.4: Image enhancement with image processing techniques (Elseifi 2008)
An image was created in a drawing software program, in which the image
represents a set of horizontal lines created in the same dimensions as the processed core
image. These two images were then combined to form an image with a set of horizontal
lines representing the lengths of the film thicknesses, as shown in Figure 2.5.

Figure 2.5: Combination of two images resulting in an image in which lines represent
binder thickness (Elseifi 2008)
However, to improve the process, further research was conducted using a
scanning electron microscope (SEM), specifically a Philips XL30 ESEM-FEG electron
microscope, which is a dual-function scanning electron microscope. Sample preparation
started by coring a 25-mm diameter specimen from the 100-mm core obtained from the
field. The sample was then cut through its depth to obtain a 3-mm thick specimen. The

6

sample was cleaned and dried at 40°C in an oven. A spot of interest was then marked in
the 25-mm specimen and observed by the SEM process (Figure 2.6).

Figure 2.6: Sample preparation and capture of high resolution images by SEM (Elseifi
2008)
Observations obtained by SEM showed that the asphalt binder does not exist as a
separate entity at a macroscopic scale. Instead, what is being referred to as asphalt binder
films surrounding large aggregates consists of asphalt mastic films (Figure 2.7). Asphalt
binder was detected as a separate entity but at a much smaller scale (Figure 2.7)

Figure 2.7: SEM images at different magnifications (Elseifi 2008)
The advent of computer imaging technology and nondestructive techniques has
enabled the possibility to characterize engineering materials based on the composition of
their internal structure (Denison et al. 1997; Masad et al. 1999 a, b). A research study was
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conducted by Masad (2001) using X-ray computed tomography (CT) along with image
analysis techniques to capture the air void distribution in asphalt mix specimens. Images
of the internal structure of compacted asphalt specimens were captured using an X-ray
CT system. The images represented horizontal slices of 1.0 mm thickness captured every
0.8 mm with 0.2 mm overlap between successive slices. Figure 2.8(a) shows an X-ray CT
image of an asphalt concrete specimen with a diameter of 150 mm.

Figure 2.8: a) Horizontal x-ray tomography image of asphalt specimen b) Thresholded
image to isolate air voids (Masad 2001)
Image analysis software (ImageTool 1997) was used to threshold the original
image to a binary image and capture the size (measured in area) of air voids that existed
on each image as shown in Figure. 2.8b. A total of 276 images were analyzed for all
specimens to characterize the air void distribution as shown in Figure 2.9.

Figure 2.9: Air void size distribution with depth for different compaction efforts (Masad
2001)
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Image Acquisition Methods
Image acquisition plays a key role in analyzing the materials at different scales
using image analysis. Hence, it is important to understand various image acquisition
methods.
Digital Images
A typical sensor for digital cameras is an array, which can be manufactured with a
broad range of sensing properties and can be packaged in arrays of 4000 × 4000 elements
or more. The response of each sensor is proportional to the integral of the light energy
projected onto the surface of the sensor. The first function performed by the imaging
system shown in Figure 2.10 is to collect the incoming energy and focus it onto an image
plane.

Figure 2.10: Process of digital image acquisition (Gonzales 2006)
If the illumination is light, the front end of the imaging system is a lens, which
projects the viewed scene onto the lens focal plane, as Figure 2.10 shows. The sensor
array, which is coincident with the focal plane, produces a digitized output
which is a digital image, as shown diagrammatically in Figure 2.10 (Gonzales 2006)
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X-Ray Computed Tomography
X-ray CT is a completely nondestructive technique for visualizing features in the
interior of opaque solid objects to obtain digital information on their 3D geometry and
properties (Denison et al. 1997). The components of x-ray CT are shown in Figure 2.11.
It consists of a source and a detector, with the test specimen placed in between. In the
simplest approach, directing planar x-rays that pass through the specimen along several
different paths in several different directions would produce the set of CT images. The
intensity of the x-rays is measured before they enter the specimen and after they pass
through it. Scanning of a slice is complete after collecting the intensity measurements for
a full rotation of the specimen.

Figure 2.11: Components of x-ray computed tomography (Masad 2001)

The specimen is then shifted vertically by a fixed amount (the slice thickness) and
the entire procedure is repeated to generate additional slices. The intensity values are
used to calculate the distribution of the linear attenuation coefficient within a specimen.
The resulting x-ray CT image is a map of the spatial distribution of the linear attenuation
coefficient. In this map, brighter regions correspond to higher values of the coefficient.
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Differentiation of features within the specimen is possible because the linear
attenuation coefficient at each point depends directly on the density of the specimen at
that point. Thus, an x-ray CT of the specimen results in images that display differences in
density at every point in two-dimensional slices throughout the specimen. CT is highly
sensitive to small density differences (<1%) between materials. It has been proven to be
useful for a wide range of materials, including rocks, asphalt mixes, ceramics, metals, and
soft tissues (Dennis 1997; Masad et al. 1999 a, b; Shashidhar 1999).
Scanning Electron Microscope
Electron microscopy functions similarly to light microscopy, except that a
focused beam of electrons instead of light and magnetic solid optical lenses is used.
When the primary electron beam hits the specimen, other electrons (backscattered or
secondary) are ejected from the specimen. Secondary or backscattered electron detectors
collect the secondary or backscattered electrons and convert them to an image of the
specimen. The intensity of the signal is converted into a brighter or darker portion of the
image. Therefore, an image obtained by SEM is from the surface because electron beams
with different energy levels can penetrate into various specimen surface depths.
Thermal Images
Thermal imagers detect radiation in the infrared range (Figure 2.12) of the
electromagnetic spectrum (i.e., wavelengths of approximately 700 nm to 1 mm)
(ThusyanthanIndrasenan 2017). The basis for infrared imaging technology is that any
object, whose temperature is above 0K, radiates infrared energy.

11

Figure 2.12: Electromagnetic spectrum with wavelength and frequencies
(ThusyanthanIndrasenan 2017)
Radiated energy is empirically proportional to the body’s temperature. Therefore,
the amount of radiated energy is a function of the object’s temperature and its relative
efficiency of thermal radiation, known as its emissivity. When pointed towards an object,
a thermal imager captures this radiation energy and converts it into the corresponding
temperature of the object. Hence the thermal imager allows identification of variations in
surface temperature from a distance.
Adaptive K-means Clustering Segmentation
One of the segmentation techniques for image analysis is the K-means clustering
method (Anderberg 1973; Romesburg 1984). In this technique, clustering is based on the
identification of K elements in the data set that can be used to create an initial
representation of clusters. These K elements form the cluster seeds. The remaining
elements in the data set are then assigned to one of these clusters. Even though the
method seems to be straightforward, it suffers from the fact that it may not be easy to
clearly identify the initial K elements, or the seeds for the clusters. This drawback led
researchers to look into alternative methods that provide an improvement over K-means.
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Adaptive K-means clustering allows the partitioning of a given data set without
having to depend on the initial identification of elements to represent clusters. It is based
on rearranging the clusters to better reflect the partitions when new elements are added.
In addition, some clusters may be merged, and new clusters created as needed.
The adaptive K-means clustering developed by Bhatia (2004) starts with the
random selection of K elements from the input data set that act as cluster seeds. The
algorithm is based on the ability to compute the distance between a given element and a
cluster. This function is also used to compute the distance between two elements. In most
cases, the Euclidean distance may be sufficient. For example, in the case of spectral data
given by n-dimensions, the distance between two data elements E1 and E2 is given as:

With the distance function, the algorithm proceeds as follows: Compute the
distance of each cluster from every other cluster. This distance is stored in a 2D array as a
triangular matrix. The minimum distance dmin between any two clusters Cm1 and Cm2 is
also noted as well as the identification of these two closest clusters. For each unclustered
element Ei, the distance of Ei from each cluster is also computed. For assignment of this
element to a cluster, there can be three cases as follows:
1. If the distance of the element from a cluster is 0, assign the element to that cluster,
and start working with the next element.
2. If the distance of the element from a cluster is less than the distance dmin, assign
this element to its closest cluster. As a result of this assignment, the cluster
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representation, or centroid, may change. The centroid is then recomputed as an
average of properties of all elements in the cluster. In addition, the distance of the
affected cluster from every other cluster is recomputed, as well as the minimum
distance between any two clusters and the two clusters that are closest to each
other.
3. The last case occurs when the distance dmin is less than the distance of the element
from the nearest cluster. In this case, the two closest clusters Cm1 and Cm2 are
selected, and Cm2 is merged into Cm1. Also, cluster Cm2 is destroyed by removing
all the elements from the cluster and by deleting its representation. Then, the new
element is added into this now empty cluster, effectively creating a new cluster.
The distances between all clusters are recomputed and the two closest clusters
identified again. Steps 1-3 are repeated until all the elements have been clustered.
Simulation and Monitoring of Materials in Full Scale Setup
Simulation and monitoring can be done using custom experimental setups, in the
case of a pavement, the setups can include all structural layers. In the case of porous
pavements, test areas can be built for short and long-term monitoring of measurements of
hydraulic behavior. Kuosa et al. (2013) included several examples of the long-term
monitoring of pervious pavement, specifically to evaluate the effect of surface clogging
and maintenance actions. James and von Langsdorff (2003) presented information from
Wilson (2002) who studied a permeable concrete block paving stone pavement subjected
to intense rain in a special apparatus (Figure 2.13).
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Figure 2.13: Experimental apparatus used for particulate rate clogging studies. (James
and von Langsdorff 2003)
A major database of runoff and infiltration performance was generated by James
and von Langsdorff (2003) using an extensive lab scale test series with variability in type
of pervious pavement, surface slope (0–10%) and stage of surface clogging. According to
the authors, the major advantage of the lab scale test series is the opportunity to
systematically evaluate the impact of each single variable under boundary conditions
while leaving all other parameters unmodified. The impact of the surface slope of a
pavement, for instance, was analyzed experimentally by gradually varying the slope from
0 to 7.5%, for several water flow rates. Lucke and Beecham (2013) also studied
infiltration rates on a prototype scale sloping permeable pavement bed (Figure 2.14).

Figure 2.14: Full-scale variable-slope experimental test rig. (Lucke and Beecham 2013)
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CHAPTER THREE
IMAGE ANALYSIS
Introduction
Image processing is a field with heavy impact on today’s technology and
tomorrow’s way of life. Various materials can be explored at different scales of
observations for which image processing can be used as a pointed tool. Image
processing can be used to enhance an image or to extract useful information from it.
Nowadays, image processing is a rapidly growing technology and forms a core research
area within various engineering disciplines
The fundamental steps of image analysis (Figure 3.1) include a) image
acquisition, b) image enhancement, c) image restoration, d) segmentation, e)
morphology, and f) representation and description. A basic description of each step is
presented herein.

Figure 3.1: Basic steps of image analysis
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a) Image acquisition is the first fundamental step of digital image processing where
images are acquired in digital form. Generally, the image acquisition stage
involves pre-processing, such as scaling, de-noising etc.
b) Image enhancement is one of the most appealing areas of digital image
processing. The goal of enhancement techniques is to bring out detail that is
obscured, or simply to highlight certain features of interest in an image such as
changing brightness, contrast, etc.
c) Image restoration is an area that also deals with improving the appearance of an
image. However, unlike enhancement, the restoration techniques tend to be based
on mathematical or probabilistic models of image degradation.
d) Segmentation procedures divide an image into its constituent parts or objects. In
general, autonomous segmentation is one of the most difficult tasks in digital
image processing which brings successful solution of imaging problems that
require objects to be identified individually.
e) Morphological processing deals with tools for extracting image components that
are useful in the representation and description of shape.
f) Representation and description almost always follow the output of a segmentation
stage, constituting either the boundary or area of a region. Description deals with
extracting attributes that result in some quantitative information of interest or are
basic for differentiating one class of object from another.
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Using these fundamentals, various image processing algorithms were developed
in several separate studies to evaluate construction materials. This chapter presents this
information and results in detail.
Evaluation of Long-term Binder Draindown in Asphalt Mixtures Using Digital Image
Analysis
A research study was conducted by Lyons (2017) to evaluate the potential causes
of raveling in open graded friction course (OGFC) asphalt pavements for which longterm binder draindown was a potential cause. The objectives of the project were to detect
and quantify the air voids, aggregates, and binder and to quantify the binder draindown
over time by comparing images taken before and after aging in 28-day intervals (i.e., 0,
28, and 56 days).
Cylindrical specimens were compacted using a Superpave gyratory compactor
and cut into either four quarters or two halves along the vertical axis as shown in Figure
3.2. Images of each cut face were acquired using a DSLR camera (Canon Rebel T5i) and
a tripod (Figure 3.3). A white background and appropriate lighting were used to acquire
better images. Each image of the cut faces was then analyzed using image analysis to
quantify the degree of binder draindown over time.

Figure 3.2: Specimens were cut into four quarters and two halves
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(a)
(b)
Figure 3.3: Digital images of a) cut face of a quarter and b) cut face of a half specimen
(Lyons 2017)

Step-wise algorithm for detection and quantification of air voids, aggregates and binder
Images were processed using a step-wise algorithm to identify and quantify the
relative percentage of air voids, aggregate, and binder within a specimen. This process
included the following steps:

a) Load the images into MATLAB software and perform specific preprocessing
operations such as contrast enhancement (Figure 3.4).

Figure 3.4: MATLAB interface
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b) Remove the background by segmenting just the specimen, which was the region
of interest for further processing (Figure 3.5).

Figure 3.5: Binary image of region of interest
c) Because the boundaries of the specimen were uneven, a bounding box was drawn
(Figure 3.6(a)), and a certain number of pixels were removed, and a region of
interest (ROI) was established. A cropped image was generated based on the ROI
selected that filtered all the necessary content from the background of the original
image (Figure 3.6(b)).

(a)
(b)
Figure 3.6: a) Preferred ROI b) Cropped image of ROI
d) Segmentation algorithms were implemented to detect air voids, aggregates and
binder using shape, color and texture features as shown in Figure 3.7.
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(a)
(b)
(c)
Figure 3.7: Segmented images of a) air voids, b) aggregates, and c) binder
e) The images were divided into four slices and the quantities were estimated using
automated image processing MATLAB codes. The number of binary pixels was
counted to quantify the percentage of voids, aggregate and binder in each section
(Figure 3.8).

(a)

(b)

Figure 3.8: a) Image divided into 4 slices and b) Percentage of binder in each section

Figure 3.9: Binder content a) measured by ignition oven and b) estimated by image
analysis (Lyons 2017)
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Alternatively, binder content was measured using the ignition oven in accordance
with the procedures outlined in ASTM D6307. Figure 3.9 (a) shows the binder content of
each slice as measured by the ignition oven method. Although, results did not compare
numerically, a similar trend was observed in analyzing the binder content per slice using
image analysis. Images of these specimens were then acquired after aging for 28 days,
then the binder content was determined using the same methodology. Results showed that
there was a significant amount of change in binder due to long-term draindown as shown
in Figure 3.10.

Figure 3.10: Comparison of binder draindown before and after aging the specimens for
28 days
The binder migrated from around the aggregate particles onto the surface of the
aggregate particles along the cut face of the specimen instead of draining into the air
voids due to lack of resistance to flow of the binder over the exposed surface. Although
results did not compare numerically to the laboratory test, observations had a similar
trend using image analysis which is a cost effective, time efficient and non-destructive
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technique. However, it is recommended to acquire images without altering the position of
camera throughout the process for accurate results.
Determination of Roughness of Asphalt Mixtures Using Digital Image Analysis
A research study was conducted by Danish (2018) to evaluate the surface
roughness/texture of compacted asphalt specimens. The specimens were prepared,
labelled and marked for reference. Image analysis was used to quantify the surface
roughness and the results compared with the sand patch method (ASTM E965).
Step-wise algorithm for quantification of roughness of asphalt mixtures
Images were processed using a step-wise algorithm to quantify the surface
roughness of asphalt mixtures. This process included the following steps:
a) An image acquisition setup was arranged as shown in Figure 3.11 and images
were acquired using a Canon Rebel T5i DSLR camera mounted on a tripod
without disturbing the experimental arrangement. For each specimen, 25-30
images were taken by constantly changing the focus of camera lens for each
image while keeping the zoom level constant.

Figure 3.11: Experimental setup for image acquisition
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b) Images were stacked vertically after being loaded into the software called
Helicon Focus to determine the absolute depth of each pixel (Figure 3.12).
c) Stacked images were loaded into a software called ImageJ to perform
roughness calculations (Figure 3.13) and a certain region of interest (ROI) was
selected manually using shape tools.

Figure 3.12: Image stacking in Helicon Focus

Figure 3.13: Stacked image and selected ROI in ImageJ
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d) A duplicate image was created by cropping the ROI selected so that just the
image with ROI would appear without the unwanted area surrounding the
image as shown in Figure 3.14.

Figure 3.14: Duplicate ROI image
a) Roughness was calculated for the duplicate image by running a jar plugin. The
Ra value in the results box is considered as the roughness value (Figure 3.15).
The Ra value is the average roughness (texture deviation) of all the pixel points
from the plane to the testing surface of the specimen.

Figure 3.15: Result box with roughness value (Ra)
The roughness values were compared with average mean depth values determined
from the sand patch method. Although results did not compare with results of sand patch
method, an attempt was made to correlate the results together as shown in Figure 3.16.
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Figure 3.16: Mean Texture Depth vs Roughness (Ra)
The determination of roughness using image analysis is a time effective approach.
However, further improvements can be made in image acquisition by enhancing the focus
of the camera and using appropriate room lighting to fetch the accurate depth of each
pixel. It is also recommended to keep the position of the camera constant throughout the
process of image acquisition for accurate results.
Distribution of Fibers in Concrete Cores Using CT scans
Ultra-high-performance concrete (UHPC) is a new class of concrete which has
superior workability, mechanical properties, durability and typically consists of Portland
cement, supplementary cementitious materials, water, high range water reducing
admixtures, fine sand and reinforcing fibers. However, the lack of uniform distribution
of the reinforcing fibers in this concrete, diminishes the superior performance of the
UHPC. A research study was conducted on UHPCs to determine the distribution of
fibers in cylindrical specimens having different mixture proportions. A CT-scan system
in a hospital was used to evaluate the steel fiber distribution in the specimens.
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Approximately 200 sliced images of each specimen were acquired and processed using
MATLAB. Image processing algorithms were developed to segment and quantify the air
voids, cement paste and fibers present in each slice.

Figure 3.17: X-ray CT scan images of a concrete specimen
Step-wise algorithm for evaluation distribution of air voids, cement paste and fibers
Images were processed using a step-wise algorithm to quantify the distribution of
fibers in UHPC specimens. This process included the following steps:
a) Images acquired from the CT-scans were converted into .jpg file format before
loading them into MATLAB and the specimen was detected using basic color
segmentation to eliminate the unwanted area in the image.
b) Image enhancement was performed to enhance the contrast for accuracy.
c) Air voids were represented as the darker regions of the image and fibers were
represented as the brightest regions while the remaining area of the image was the
cement paste. Segmentation was performed based on color features to detect air
voids, cement paste, and fibers.
d) Morphology operations were performed to separate the connected fibers for better
quantification of fibers.
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e) The number of pixels in the segmented image were counted and the percentage of
air voids, cement, and fibers in each image was calculated.
f) The distribution of air voids, cement paste, and fiber in the overall sample were
then plotted (Figure 3.18).
Results showed that the CT-scan is a powerful tool to assess the fiber distribution
within UHPC using image analysis. This non-destructive technique of analyzing the fiber
distribution within UHPC proved to be a time efficient approach as automated image
processing algorithms were developed. However, it is recommended to enhance the
contrast of the images before further processing for accurate results.

Figure 3.18: Distribution of air voids, cement and fibers
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Quantification of Ground Glass Fibers in Geopolymers Using SEM images
A research study was conducted by Rashidian-Dezfouli (2017) to evaluate the
microstructure of ground glass fiber (GGF) based geopolymer mixtures. The geopolymer
specimens were cut and scanning electron microscope (SEM) images were captured at
various resolutions using a Hitachi TM 3000 microscope in the backscatter mode. Image
analysis was used to quantify the unreacted GGF present in the test specimens.
Step-wise algorithm for the detection and quantification of GGF in geopolymer mixtures
Images were processed using a stepwise algorithm to detect and quantify the
amount of unreacted GGF in the concrete specimens.

This process included the

following steps:
a) SEM images (Figure 3.19) were loaded into MATLAB software.

Figure 3.19: SEM image for geopolymer at 500x magnification (RashidianDezfouli (2017)
b) Preprocess the loaded images to filter any noise present.
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c) Segment the region of interest using basic thresholding technique so that other
details of the image are not considered as a part of further evaluation (Figure
3.20).

Figure 3.20: Region of interest image
d) An adaptive K-means clustering segmentation technique was used and the
brightest cluster image was generated. The output generated was a binary image.
e) Boundaries were drawn around the segmented image to visually check if the
results were accurate as shown in Figure 3.21.

Figure 3.21: Segmented outputs of unreacted GGF (Rashidian-Dezfouli 2017)
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f) The segmented image of GGF was in the form of a binary image. The number of
white pixels in the segmented image were counted to quantify the amount of GGF
present.
g) Finally, the ratio of GGF present to total number of pixels in the image represents
the percentage of GGF present in the selected image.
A comparison was made between two different pastes Na-5 and Na-10. Results
showed that unreacted particles occupied a higher area in Na-5 paste (23.8%) than NA-10
paste (16.8%) as shown in Figure 3.22. Thus, the strength of these samples was explained
by the lower amounts of unreacted particles.

(a)
(b)
Figure 3.22: Image analysis results a) Na-5 b) Na-10
This approach of analyzing the geopolymers was found to be a time efficient
method once the automated image processing codes were developed. In spite of huge
variability in SEM images at different magnifications, this approach validated the
analysis accurately. It is recommended to use the adaptive K-means segmentation
technique over basic color and texture segmentation techniques for the detection of GGF
as the color contrast of the SEM images changes with magnification.
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CHAPTER FOUR
INFILTRATION OF PERVIOUS CONCRETE FRICTION COURSE MIXTURES
Permeable friction courses are speciﬁcally designed to promote the inﬁltration of
stormwater through the paving surface to improve roadway safety in wet weather by
reducing hydroplaning. The development and use of open-graded or porous friction
courses in the last 15 to 20 years has served to greatly alleviate the problem of vehicular
hydroplaning on wet highway and airfield pavements. However, research has shown that
they can become clogged over time and this reduces their inﬁltration capacity. In addition
to safety, porous friction courses also reduce run-off volumes and improve water quality
by removing sediment and other pollutants from stormwater.
To assess the inﬁltration of the permeable friction courses, a variety of inﬁltration
test procedures have been utilized in the past. The objective of this study was to evaluate
infiltration and lateral flow of water in porous friction course layers by analyzing the flow
of water inside the pervious pavement under various testing conditions using automated
thermal image analysis.
Materials and Test Setup
To accomplish the goals of this study, pervious concrete was used in place of
porous asphalt due to challenges associated with producing the required batch size of
porous asphalt in the lab, then constructing the pavement test sections. Crushed coarse
aggregates (No. 789 and No. 7) acquired from a local quarry in Liberty, SC were used for
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the purpose of this study. Aggregates were dried in oven and specimens were then
prepared using the gradations in Table 4.1(SCDOT 2016).
Table 4.1: Gradation of Aggregates (Liberty, SC)
Percent Passing
Sieve
# 789
#7
3/4" (19mm)
100
100
1/2" (12.5mm)
99
96
3/8" (9.5mm)
92
53
#4 (4.75mm)
26
6
#8 (2.36mm)
6
5
#30 (600μm)
3
3
#100 (150μm)
2
1.5
#200 (75μm)
1
0.8
Type I/II Portland cement from Argos USA (Harleyville, South Carolina) and
Sika® normal range water reducer were used to prepare the pervious concrete mixtures
for the test specimens. The mix proportions for the test specimens are presented in Table
4.2 and water reducer was added by 2.5 fl oz/cwt to the mixture. Three sturdy wooden 4ft
x 8ft molds were constructed and supported by concrete blocks at all corners. The molds
were painted with a water sealant to avoid absorption of infiltrated water (Figure 4.1).

Figure 4.1: a) Finished wood form and b) Application of water sealant.
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Table 4.2: Mix proportions of the test specimens
Panel

Thickness (Inches)

Panel 1
Panel 2
Panel 3

1.5
2
1

Proportion by Weight
Cement
Water Aggregate
1
0.28
5
1
0.28
5
1
0.28
4.615

Panel 1 was prepared using a No. 7 aggregate whereas Panels 2 and 3 were
prepared using No. 789 aggregate. The quantities were measured based on proportions in
Table 4.2 and mixed in batches using a concrete mixer as shown in Figure 4.2.

Figure 4.2: Measured quantities of materials and concrete mixer
The mixed concrete was then placed onto the wooden form and a concrete hoe
was used to spread the mixture towards the edges. A flat-long wooden board was used to
compact and screed the mix off the edges. The specimen was then allowed to cure
covered with plastic sheets for a minimum of 7 days to gain sufficient strength. The
wooden form was then cut at one edge to allow drainage of the infiltrated water during
testing (Figure 4.3).
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(a)
(b)
(c)
Figure 4.3: a) Mix placed onto the form; b) Hand compacting and screeding off the
material; and c) Cut made on one edge for drainage
A hydraulic jack was used to lift the entire pavement section from one end to
achieve the desired slope for infiltration testing. The slope was verified using a scale to
check the elevated height for the specific percent grade. A bubble level was then used to
check if the entire panel was lifted uniformly without torsion. Wooden shims were used
to balance the panel uniformly on all four supports at the corners of the panel.

(a)
(b)
Figure 4.4: a) Hydraulic jack used to achieve desired slope and b) Camera stand
To balance the panel uniformly, panel 2 and panel 3 were supported by only two
concrete blocks at the mid-point of the panel as shown in Figure 4.4 to achieve accurate
results. A stand was designed to hold a thermal camera at a height of 58 inches above the
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pavement surface such that the image covered the specific area to be analyzed from the
outer edge of the ring.
Single Ring infiltrometer Test
Infiltration tests were performed on three test specimens using a standard test
method for infiltration rate of in-place pervious concrete (ASTM C1701/C1701M-09).
Hot water was used in testing for better visualization in thermal images. Infiltration tests
were performed for varying pavement slopes ranging from 0% to 8%.
Thermal Image Analysis
Thermal images were acquired using a FLIR ONE thermal imaging camera
placed 58 inches above the pavement surface as shown in the test set up (Figure 4.4).
The resolution of the thermal images was 480 x 640 pixels. Images were acquired at
regular of intervals of 10 seconds for 4 minutes yielding a total of 24 images that were
stored and labelled in respective folders for each test. Automated algorithms were
developed to detect the flow of water internally and quantify various parameters such as
ratio of vertical spread to horizontal spread, horizontal flow rate, vertical flow rate, and
area of the spread. The single ring infiltration test was performed on panel 1 by varying
the slope (0% to 8%) in succession and thermal images were acquired. The thermal
images showed infiltrated water from the prior test in the background as shown in Figure
4.5. The brighter portion in the image depicts the actual spread of the water while the test
was performed and the orange in the background shows the existing water in the
pavement due to the prior test performed.
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Figure 4.5: Thermal image with water (dark orange) from the prior test in the background
To address this issue, infiltration tests were performed on panels 2 and 3 after the
entire pavement was conditioned by spraying cold water for approximately 5 minutes as
shown in Figure 4.6 (a) until the water head inside the pavement subsided to zero. The
purple background in Figure 4.6 (b) shows the pavement after conditioning.
Consequently, thermal images acquired after conditioning showed better visualization
while testing panels 2 and 3 as shown in Figure 4.7.

(a)
(b)
Figure 4.6: a) Conditioning the entire pavement before successive tests; b) Thermal
image of pavement after conditioning
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Figure 4.7: Thermal images acquired after the conditioning of pavement taken at 10
second intervals while performing the test
Step-wise algorithm for detection and quantification of internal flow of water
To detect and measure the lateral flow of water within the pavement structure, a
step-wise algorithm was developed as outlined below.
a) Thermal images were loaded into MATLAB and converted to grayscale.

Figure 4.8: Original image (left) and grayscale image (right)
b) Segmentation of the infiltration ring was performed using a basic color
thresholding technique and applying gradient filter to detect the ring and ring area
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was removed from the original image to define the region of interest (ROI) as
shown in Figure 4.9

Figure 4.9: Binary image of ring (left) and region of interest (right)
c) The color image was divided into a defined number of clusters using the K-means
clustering technique. Four clusters were defined for segmentation of the spread of
water as the images contained yellow, orange, pink, and purple regions.
d) As the infiltrated water in the pavement represents yellow and orange, the two
successive brightest colors were segmented and added together to detect the
internal flow of water. Morphological operations were performed to remove small
areas that are detected, and holes were filled using a hole fill operation. The
segmented image was a binary image with white pixels showing the internal
spread of water as shown in Figure 4.10.
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Figure 4.10: Binary image of detected internal spread of water
e) The number of binary pixels in the segmented image were counted to determine
the area of spread. Area of spread was then divided by total number of pixels in
the image to represent in terms of percentage.
f) Boundaries were drawn around the detected area of water spread using the
bwboundaries MATLAB function to check the accuracy of the segmentation of
infiltrated water.

Figure 4.11: Boundary of the internal spread of water (green border)
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g) A bounding box was drawn around the detected spread of water to determine
parameters such as horizontal spread, vertical spread, ratio of horizontal spread to
vertical spread, velocity of horizontal spread and vertical spread.
h) An automated code was designed in MATLAB to determine all required
parameters (mentioned above) from images acquired for a specific test.
The determination of properties related to internal flow of infiltrated water using
thermal image analysis is a time efficient and a cost-effective approach. As the automated
image processing algorithms were developed, this approach can be very useful in
analyzing the effect of thickness, gradation and slope on infiltration in pervious concrete
friction course mixtures in very quick time. It can also be useful in detecting clogging
spots in the field, which is a major concern related to performance of OGFC mixtures.
However, it is recommended to build the best experimental test setup to acquire thermal
images and to use a high resolution thermal camera.
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CHAPTER FIVE
RESULTS AND DISCUSSIONS

Single ring infiltration tests were performed on all three panels by varying slope
from 0% to 8% and thermal images were acquired at regular intervals of 10 seconds. By
using image analysis, the internal spread of water was analyzed. Results of infiltration
tests and thermal image analysis are presented in this chapter.
Infiltration Test Results
Specimen 1 (No. 7 stone; 1.5 in thick)
Initially, one gallon of water was used for prewetting the specimen. Since the
prewetting time (10.19 seconds) was less than 30 seconds, five gallons of water was used
for the test. The weight of the water used for the test was 41.375 lbs. Single ring
infiltrometer tests were performed in quick succession on specimen 1 at nine different
slopes (0% to 8%). The test was performed at two distinct locations (L1& L2) and the
average time taken for the completion of test was considered. The infiltration time was
recorded and tabulated as shown in the Table 5.1.

Slope
0%
1%
2%
3%
4%
5%
6%
7%
8%

Table 5.1: Results of infiltration test on test specimen 1
Time-L1 (Sec) Time-L2 (Sec) T-avg (Sec) Avg. Infiltration(in/hr)
31.10
28.73
29.91
1219
30.19
28.25
29.22
1248
28.73
27.55
28.14
1295
29.45
27.23
28.34
1286
29.84
27.19
28.51
1278
29.16
28.72
28.94
1260
28.69
29.06
28.87
1262
28.65
26.93
27.79
1312
29.30
29.10
29.20
1248
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The increase in slope resulted in a slight increase in infiltration rate, but after a
few tests, the results showed a slight decrease in the infiltration rate (Figure 5.1) because
of the existing water head inside the pavement due to the prior test, as these tests were
performed in quick succession. Therefore, testing on specimens 2 and 3 were conducted
after a time gap of approximately 30 minutes to allow the existing water head inside the
pavement to drain out of the pavement.

Figure 5.1: Infiltration test results on specimen 1 with varied slope

Specimen 2 (No. 789 stone; 2 in thick)
After making necessary changes to the testing procedure as mentioned above,
single ring infiltration tests were performed on specimen 2 at three different slopes (i.e.
0%, 4% and 8%) and the results were tabulated as shown in Table 5.2. The infiltration
results from specimen 2 showed an increase in infiltration with increase in the slope as
shown in Figure 5.2.
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Table 5.2: Results of infiltration test on test specimen 2
Slope
Time(Sec)
Infiltration (in/hr)
0%
20.35
1791
4%
16.50
2209
8%
16.30
2236

Figure 5.2: Infiltration test results on specimen 2 with varied slope
Specimen 3 (No. 789 stone; 1 in thick)
The infiltration test was performed on specimen 3 at four different slopes (0%,
2%, 4% and 8%). To check for repeatability, the infiltration test was performed three
consecutive times at a slope of 2%. Results were tabulated as shown in Table 5.3.
Table 5.3: Results of infiltration test on specimen 3
Slope
Time(Sec)
Infiltration (in/hr)
0%
46.05
792
2%-Test 1
47.23
772
2%-Test-2
46.85
778
2%-Test-3
46.46
785
2%- Avg
46.85
778
4%
45.65
799
8%
43.77
833
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The consistency of the infiltration results at 2% show that the test was repeatable.
Additionally, the results generally showed an increase in infiltration rate with an increase
in slope. The infiltration was higher at 0% compared to 2% as shown in Figure 5.3, which
is likely due to the fact that the water could flow in all directions around the ring when
the pavement is flat compared to only flowing down slope when the pavement slope was
greater than 0%.

Figure 5.3: Infiltration test results on test specimen 3 with varied slope

Comparison of Specimens
Results were also plotted to evaluate the influence of thickness on infiltration
rates as shown in Figure 5.4. Both 1-inch and 2-inch specimens had a linear increase in
the trendline. The infiltration rates were higher in the 2-inch specimen when compared to
1-inch specimen due to high capacity (volume) to infiltrate water.
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Figure 5.4: Influence of thickness on infiltration rates
Results of Thermal Image Analysis
Thermal images were processed using developed algorithms (refer to Chapter 4)
to determine various parameters related to infiltrated water such as horizontal spread,
vertical (downslope) spread, ratio of horizontal to vertical spread, area of spread, etc. The
detection of infiltrated water was achieved by using image analysis and results were
generated as shown in Figure 5.5, Figure 5.6 and tabulated as shown in Table 5.4.

Figure 5.5: Results of specimen 3 after 30 seconds a) 0% slope b) 4% slope c) 8% slope
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Figure 5.6: Results of specimen 3 after 240 seconds a) 0% slope b) 4% slope c) 8% slope
Table 5.4: Thermal image analysis results of specimen 3 at 0% slope
Time Vertical Spread
Horizontal
(V/H) Area of Spread
(Sec)
V (pixels)
Spread H (pixels)
Ratio
(pixels)
10
122
307
0.397
53851
20
204
480
0.425
66362
30
247
480
0.515
89960
40
254
480
0.529
97834
50
266
480
0.554
100941
60
278
480
0.579
103235
70
280
480
0.583
104060
80
281
480
0.585
106889
90
282
480
0.588
106587
100
286
480
0.596
109244
110
302
480
0.629
112935
120
302
480
0.629
113592
130
302
480
0.629
112265
140
301
480
0.627
112392
150
310
480
0.646
113493
160
309
480
0.644
112517
170
301
480
0.627
113299
180
299
480
0.623
111664
190
301
480
0.627
112853
200
318
480
0.663
114614
210
314
480
0.654
114592
220
318
480
0.663
115394
230
326
480
0.679
116180
240
328
480
0.683
117830
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To check for repeatability of using thermal image analysis, three tests were
conducted on specimen 3 at a 2% slope. Results were similar thus demonstrating the
repeatability of this approach as shown in Figure 5.7

(a)

(b)

(c)

Figure 5.7: Repeatability of a) Horizontal spread b) Vertical spread c) Area of spread
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Effect of slope on rate of vertical spread
Results were plotted comparing the vertical spread at different slopes to analyze
the effect of slope on vertical spread. Vertical spread of infiltrated water was observed to
increase with the increase in slope as shown in Figure 5.8. The rate at which the
infiltrated water was travelling in the vertical (down slope) direction showed a similar
logarithimic trend for all three slopes. The rate of vertical spread was initially higher and
reached saturation after almost 100 seconds from the start of the test.

Figure 5.8: Effect of slope on vertical spread of infiltrated water in specimen 3

Effect of slope on rate of horizontal spread
Similarly, the results were plotted comparing the horizontal spread of infiltrated
water at different slopes. Clearly the rate of horizontal spread decreased with increase in
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slope. After 30 seconds, the horizontal spread was observed to be equivalent as it reached
the maximum value due to the limitation in resolution while image acquisition.
Horizontal spread at 0% slope and 4% slope showed similar trend whereas, 8% slope
showed an increase in horizontal spread initially and then a decrease after 100 seconds
from the start of the test as shown in Figure 5.9. This is because of the increase in
tendency of infiltrated water to move vertically downwards at higher slope.

Figure 5.9: Effect of slope on horizontal spread of infiltrated water in specimen 3

Effect of slope on area of spread
Results were plotted to compare the area of spread with time at different slopes to
analyze the effect of slope on area of spread. It is evident from Figure 5.10 that the area
of spread increased over time with increase in slope. A similar logarithmic trend was
observed at all three different slopes. Initially, the rate of increase of area of spread was
higher with an 8% slope compared to 4% and 0% slopes whereas, after 80 seconds from
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the start of the test, they reached saturation as most of the infiltrated water was drained
down towards the edge of the specimen. These results correlate with the infiltration test
results presented in Table 5.3. Both thermal image analysis and single ring infiltration
tests follow similar linear trends up to 30 seconds from the start of the test at all three
slopes.

Figure 5.10: Effect of slope on area of spread on infiltrated water in specimen 3

Effect of slope on ratio of vertical to horizontal spread
To analyze the combined vertical and horizontal spread of water, results were
plotted to observe the effect of slope on the ratio of vertical to horizontal spread. It is
clearly seen that ratio of vertical to horizontal spread increases over time with increase in
slope. A similar trend was observed at all three different slopes as shown in Figure 5.11.
The effect of horizontal spread was dominated by vertical spread at all slopes therefore,
increasing the ratio of vertical to horizontal spread with slope over time.
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Figure 5.11: Effect of slope on ratio of vertical to horizontal spread in specimen 3

Effect of thickness on area of spread
The results of thermal image analysis were plotted comparing the area of spread
of specimen 2 and specimen 3 over time to analyze the effect of thickness on the area of
spread. It is very clear that specimen 3 (1-inch thick) had a high area of spread compared
to specimen 2 (2-inch thick) at all three different slopes as the volume (water capacity) of
specimen 3 was less than volume of specimen 2. The results of thermal image analysis
also correlate with the results of single ring infiltration test (Figure 5.4). The area of
spread of specimen 2 and specimen 3 showed similar linear trends over time (Figure
5.12). The slopes of the trendline got closer to each other as the pavement slope
increased, because the infiltration capacity of the 1-inch thick pavement was dominated
by the slope thus allowing the water head inside the pavement to increase above the
pavement surface.

52

(a)

(b)

(c)

Figure 5.12: Effect of thickness on area of spread at a) 0% slope b) 4% slope c) 8% slope
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CHAPTER SIX
SUMMARY, CONCLUSIONS AND RECOMMENDATIONS
Summary
Image processing is a rapidly growing technology and forms a core research area
within various engineering disciplines. Various construction materials can be explored at
different scales for which image processing can be used as a useful tool. The use of
image analysis provides major advantages as it is a cost effective, time efficient and a
non-destructive approach. The goal of this research was to:
a) Evaluate the internal structure of various construction materials using digital
image analysis and
b) Evaluate the infiltration of porous friction course mixtures in a full-scale test
set-up using thermal image analysis.
This evaluation was based on detecting and quantifying various parameters that
can influence the behavior of construction materials by using automated image analysis.
The results were then correlated to the results of various laboratory and field tests to
enhance the productivity of using this approach.
Conclusions
Based on the results of this study, the following conclusions were made based on
the primary objectives: (1) Evaluation of internal structure in various construction
materials using image analysis and (2) Evaluation of infiltration in porous friction course
mixtures using thermal image analysis.
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Evaluation of internal structure in various construction materials using automated image
analysis
•

Image analysis provided the ability to quantify the change in binder content
(percent by area) of a horizontal slice over time. Although the results did not
directly correlate with the ignition oven test, the trends were similar indicating
that the results of the image analysis may have to be scaled to match the actual
binder content.

•

Roughness (Ra) of asphalt mixture surfaces determined using image analysis did
not correlate numerically to the mean texture depth from sand patch method.
However, this was only evaluated for one asphalt mixture type.

•

Results from image analysis on CT scan images of concrete mixtures showed that
this non-destructive approach can be used to assess the fiber distribution and is
both more accurate and less time intensive than other manual methods.

•

Results from image analysis on SEM images of geopolymer showed that this
approach was able to quantify the unreacted particles in the concrete, which can
help to categorize the potential performance of the material.

Evaluation of infiltration in porous friction course mixtures using thermal image analysis
•

Thermal imaging can be used to visualize the lateral flow of infiltrated water
within a porous friction course and image analysis can be used to quantify the
behavior of this flow.
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•

Vertical spread (down slope) of infiltrated water measured using thermal image
analysis was observed to increase with the increase in slope. Results showed a
similiar logarithmic trend for all three different slopes (i.e., 0%, 4% and 8%).

•

Horizontal spread of water determined using thermal image analysis was observed
to decrease with increase in slope. Slopes of 0% and 4% showed similar trends
whereas, 8% slope showed an increase in horizontal spread initially and then a
decrease. This is because of the increase in tendency of infiltrated water to move
vertically (downslope) at higher slope.

•

It is evident from results of thermal image analysis that the area of spread
increased over the time with an increase in slope regardless of slope.

•

Results of thermal image analysis showed that the 1-inch thick specimen had
higher areas of spread compared to the 2-inch thick specimen at all three slopes as
the volume (water capacity) of 1-inch thick specimen was less than volume of 2inch thick specimen.

•

The results of thermal image analysis also correlate with the results of single ring
infiltrometer test.

•

The image analysis method to quantify internal flow of water in the porous
friction courses included in this study proved to be repeatable.

56

Recommendations for Practical Implementation
•

This study should be extended to analyze and monitor performance of infiltration
in actual field conditions. However, the use of hot water for testing is
recommended to acquiring better thermal images.

•

Conditioning the testing area by spraying cold water is recommended to
neutralize the existing pavement temperature.

•

It is recommended to develop robust automated image processing algorithms to
increase productivity of analyzing the infiltration under testing conditions.

•

Image acquisition can be improved depending on the scale of observation and
resolution of the thermal imaging camera. However, it is recommended to keep
the position of the camera constant for comparing results under various
conditions.

Recommendations for Future Work
•

Expand this study to evaluate the effect of aggregate gradation on infiltration of
porous friction course mixtures using thermal image analysis.

•

Analyze the spread of infiltrated water by installing few clogging spots
throughout the test specimen.

•

Refine the process of image acquisition by using a higher resolution thermal
imaging camera and improve the test-setup to analyze the spread of infiltrated
water over an appropriate area around the ring.
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Appendix A- Results of thermal image analysis
Table A-1: Thermal image analysis results of specimen 3 at 2% slope - Test 1
Time

Vertical Spread

Horizontal

(V/H)

Area of Spread

(Sec)

V (pixels)

Spread H (pixels)

Ratio

(pixels)

10

146

420

0.348

27330

20

215

470

0.457

66217

30

242

480

0.504

93835

40

283

480

0.590

108233

50

317

480

0.660

119603

60

323

480

0.673

125057

70

331

480

0.690

128950

80

340

480

0.708

131532

90

341

480

0.710

134014

100

354

480

0.738

136090

110

356

480

0.742

138338

120

361

480

0.752

139698

130

361

480

0.752

141723

140

377

480

0.785

143639

150

381

480

0.794

145449

160

391

480

0.815

147348

170

393

480

0.819

149207

180

399

480

0.831

152298

190

403

480

0.840

152238

200

396

480

0.825

152869

210

404

480

0.842

154213

220

413

480

0.860

155312

230

413

480

0.860

156117

240

415

480

0.865

157036
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Table A-2: Thermal image analysis results of specimen 3 at 2% slope - Test 2
Time

Vertical Spread

Horizontal

(V/H)

Area of Spread

(Sec)

V (pixels)

Spread H (pixels)

Ratio

(pixels)

10

145

413

0.351

26645

20

217

465

0.467

65593

30

265

480

0.552

94681

40

281

480

0.585

103880

50

311

480

0.648

112033

60

318

480

0.663

117291

70

324

480

0.675

122220

80

334

480

0.696

124950

90

334

480

0.696

127616

100

343

480

0.715

131195

110

355

480

0.740

134182

120

362

480

0.754

137230

130

361

480

0.752

139454

140

378

480

0.788

141950

150

385

480

0.802

143871

160

385

480

0.802

144948

170

385

480

0.802

146672

180

396

480

0.825

148603

190

398

480

0.829

150049

200

398

480

0.829

151436

210

398

480

0.829

152003

220

411

480

0.856

154526

230

411

480

0.856

155914

240

417

480

0.869

157073
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Table A-3: Thermal image analysis results of specimen 3 at 2% slope - Test 3
Time

Vertical Spread

Horizontal

(V/H)

Area of Spread

(Sec)

V (pixels)

Spread H (pixels)

Ratio

(pixels)

10

148

415

0.357

29447

20

221

476

0.464

68669

30

279

480

0.581

99697

40

319

480

0.665

118879

50

327

480

0.681

124824

60

335

480

0.698

127806

70

344

480

0.717

130803

80

349

480

0.727

133578

90

354

480

0.738

136578

100

363

480

0.756

139301

110

364

480

0.758

140680

120

368

480

0.767

143206

130

370

480

0.771

144446

140

391

480

0.815

147237

150

395

480

0.823

149812

160

397

480

0.827

150251

170

399

480

0.831

151659

180

403

480

0.840

153565

190

409

480

0.852

155142

200

409

480

0.852

155786

210

411

480

0.856

156812

220

412

480

0.858

157395

230

428

480

0.892

158815

240

428

480

0.892

159798
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Table A-4: Thermal image analysis results of specimen 3 at 4% slope
Time

Vertical Spread

Horizontal

(V/H)

Area of Spread

(Sec)

V (pixels)

Spread H (pixels)

Ratio

(pixels)

10

164

320

0.513

39871

20

225

414

0.543

67643

30

291

442

0.658

88802

40

356

462

0.771

119877

50

385

480

0.802

138383

60

406

480

0.846

147955

70

414

480

0.863

153462

80

424

480

0.883

156460

90

427

480

0.890

158087

100

431

480

0.898

159423

110

438

480

0.913

162022

120

448

480

0.933

162845

130

456

480

0.950

164029

140

459

480

0.956

166112

150

464

480

0.967

167194

160

466

480

0.971

168810

170

469

480

0.977

168741

180

469

480

0.977

169473

190

466

472

0.987

150611

200

494

480

1.029

171484

210

494

473

1.044

171741

220

498

472

1.055

171501

230

497

469

1.060

172408

240

499

469

1.064

172612
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Table A-5: Thermal image analysis results of specimen 3 at 8% slope
Time

Vertical Spread

Horizontal

(V/H)

Area of Spread

(Sec)

V (pixels)

Spread H (pixels)

Ratio

(pixels)

10

204

416

0.490

86831

20

270

433

0.624

101763

30

382

462

0.827

125942

40

455

444

1.025

145688

50

485

446

1.087

157507

60

500

459

1.089

165956

70

515

463

1.112

169007

80

532

459

1.159

172674

90

540

464

1.164

175788

100

550

454

1.211

175235

110

566

454

1.247

176129

120

567

448

1.266

176245

130

575

450

1.278

177185

140

577

447

1.291

176453

150

580

444

1.306

177344

160

580

438

1.324

176681

170

581

437

1.330

178700

180

582

437

1.332

179654

190

596

434

1.373

181047

200

597

430

1.388

178724

210

598

428

1.397

180175

220

599

424

1.413

180004

230

600

423

1.418

178538

240

599

422

1.419

177752
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Appendix B- Thermal images of test specimens

(a)

(b)

(c)

Figure B-1: Thermal images of specimen 1 a) 0% slope b) 4% slope c) 8% slope
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(a)

(b)

(c)

Figure B-2: Thermal images of specimen 2 a) 0% slope b) 4% slope c) 8% slope
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(a)

(b)

(c)

Figure B-3: Thermal images of specimen 3 a) 0% slope b) 4% slope c) 8% slope
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Appendix C
MATLAB codes used for image analysis
C-1 MATLAB code for detection of internal spread of water in thermal images
im = imread([path,name]);
%% ring detection
% ring = load('panel3_8%.mat');
% ring = load('panel3_4%.mat');
% ring = load('panel3_2%_3.mat');
% ring = load('panel2_4%.mat');
% ring = load('panel2_8%.mat');
% ring = load('panel2_0%.mat');
ring = struct2cell(ring);
ring = cell2mat(ring);
water_sep
water_6 =
water_5 =
water_4 =
water_new

= kmeans_fast_Color(im,6);
water_sep==6;
water_sep==5;
water_sep==4;
= water_6+water_5+water_4;

%% Region of interest
final = aoi_max & ring;
final = aoi_max - final;
final = imfill(final,'holes');
[B,L] = bwboundaries(final,'noholes');
hold on
for k = 1:length(B)
boundary = B{k};
plot(boundary(:,2), boundary(:,1), 'g', 'LineWidth', 2)
end
st = regionprops(final,'BoundingBox','Area');
rect =
[st.BoundingBox(1),st.BoundingBox(2),st.BoundingBox(3),st.BoundingBox(4
)];
value_hor = rect(3);
value_ver = rect(4);
value_total_area = size(final,1)*size(final,2);
value_water_area = st.Area;
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C-2 MATLAB code for segmentation and quantification of GGF in SEM images
%% Segmentation
sample = im<240;
se = strel('disk',3);
sample = imerode(sample,se);
sample = bwareaopen(sample,10000);
sample = imdilate(sample,se);
sample = imfill(sample,'holes');
st = regionprops(sample,'BoundingBox');
rect=
[st.BoundingBox(1),st.BoundingBox(2),st.BoundingBox(3),st.BoundingBox(4
)];
crop_org = imcrop(im,rect);
crop_eq = histeq(crop_org);
crop_org_white = crop_org>200;
crop_org_white = bwareaopen(crop_org_white,10000);
ggf = adaptcluster_kmeans(crop_org);
m = max(ggf(:));
if (m == 6)
ggf = (ggf==5);
else if (m == 5)
ggf = (ggf==4);
else if (m==4)
ggf = (ggf==4);
else if (m ==3)
ggf = (ggf==3);
else
ggf = (ggf==2);
end
end
end
end
%% quantification
nnz_ggf = nnz(ggf);
nnz_total = numel(crop_org);
Perc_white = (nnz_ggf / nnz_total)* 100;
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C -3 MATLAB code for adaptive K-means clustering function
function [lb,center] = adaptcluster_kmeans(im)
% IM - is input image to be clustered.
% LB - is labeled image (Clustered Image).
% CENTER - is array of cluster centers.
if size(im,3)>1
[lb,center] = ColorClustering(im); % Check Image is color or not.
else
end
function [lb,center] = ColorClustering(im)
im = double(im);
red = im(:,:,1); green = im(:,:,2); blue = im(:,:,3);
array = [red(:),green(:),blue(:)];
i = 0;j=0;
while(true)
seed(1) = mean(array(:,1));
seed(2) = mean(array(:,2));
seed(3) = mean(array(:,3));
i = i+1;
while(true)
j = j+1;
seedvec = repmat(seed,[size(array,1),1]);
dist = sum((sqrt((array-seedvec).^2)),2);
distth = 0.25*max(dist);
qualified = dist<distth;
newred = array(:,1);
newgreen = array(:,2);
newblue = array(:,3);
newseed(1) = mean(newred(qualified));
newseed(2) = mean(newgreen(qualified));
newseed(3) = mean(newblue(qualified));
if isnan(newseed)
break;
end
if (seed == newseed) | j>10
j=0;
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array(qualified,:) = [];
center(i,:) = newseed;
%
center(2,i) = nnz(qualified);
break;
end
seed = newseed;
end
if isempty(array) || i>10
i = 0;
break;
end
end
centers = sqrt(sum((center.^2),2));
[centers,idx]= sort(centers);
while(true)
newcenter = diff(centers);
intercluster =25; %(max(gray(:)/10));
a = (newcenter<=intercluster);
centers(a,:) = [];
idx(a,:)=[];
if nnz(a)==0
break;
end
end
center1 = center;
center =center1(idx,:);
vecred = repmat(red(:),[1,size(center,1)]);
vecgreen = repmat(green(:),[1,size(center,1)]);
vecblue = repmat(blue(:),[1,size(center,1)]);
distred = (vecred - repmat(center(:,1)',[numel(red),1])).^2;
distgreen = (vecgreen - repmat(center(:,2)',[numel(red),1])).^2;
distblue = (vecblue - repmat(center(:,3)',[numel(red),1])).^2;
distance = sqrt(distred+distgreen+distblue);
[~,label_vector] = min(distance,[],2);
lb = reshape(label_vector,size(red));
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